Abstract. National policies regarding the BCG vaccine for tuberculosis vary greatly throughout the international community and several countries are currently considering discontinuing universal vaccination. Detractors of BCG point to its uncertain effectiveness and its interference with the detection and treatment of latent tuberculosis infection (LTBI).
Introduction
The July 2007 CDC issue of TB Elimination [1] begins by stating that "Treatment of latent TB infection (LTBI) is essential to controlling and eliminating TB in the United States." At the same time, the World Health Organization (WHO) recommends vaccination with Bacille Calmette-Guérin (BCG) of all healthy infants in countries with high TB burdens [2] . Hence, both BCG vaccination and treatment of LTBI have an important role to play in the global fight against tuberculosis. Unfortunately, a tradeoff exists between BCG vaccination and treatment of LTBI as "the reactivity to tuberculin that occurs after vaccination interferes with the management of persons who are possibly infected with M. tuberculosis," CDC [3] . Given the lack of definitive estimates for vaccine efficacy and latent TB detection rates, mathematical modeling provides an appropriate and valuable perspective from which to examine this tradeoff as it includes the flexibility necessary for testing many scenarios.
In this work, we use mathematical modeling to answer three important questions regarding the tradeoff between vaccination and detection/treatment of LTBI: 1). When does vaccination increase/decrease TB incidence?, 2). How much better would one vaccination policy be?, 3) . When is mass vaccination justified? Moreover, this data-based model provides a framework for making informed policy decisions based on quantitative estimates of expected incidence and prevalence for a given population.
Mathematical model
One of the most important qualities of our mathematical model is its data-based nature. By data-based, we mean that it was formulated after considering the available data for TB so that disease indicators could be directly imported into the system. Doing so allows the model to be calibrated to data from eight countries with varying disease burdens: three low-burden countries (Germany, the United Kingdom and the United States) and five higher-burden countries (Brazil, Ghana, India, Mexico and Romania). Country-specific vaccine coverage as well as active TB detection and treatment rates were obtained from WHO data [4, 5] . Demographic and migration parameters were derived using data from [6] .
As depicted in Figure 1 , the mathematical model separates the population into seven disjoint classes based on disease status: susceptible (S), exposed, i.e. latently infected (E), vaccinated (V ), vaccinated and latently infected (E V ), infectious (i.e. active TB) and treated (I T ), infectious and untreated (I T c ), and recovered (R).
Individuals enter the population with a birth rate of π, of which a proportion, c, are vaccinated as newborns. As is well-established for BCG, the protective effect of the vaccine wanes over time at a rate which we denote ω. We use the frequency-dependent description of disease transmission, with transmission coefficient β. Using the terminology of [7] , we have that upon initial infection with M. tuberculosis, a proportion, p, of individuals will exhibit "fast progression" to active TB, while the remainder develop latent infection. Latent infections can progress to active disease via either reactivation of the latent infection which we term "slow progression" or a novel external infection known as exogenous reinfection [8, 9] . We denote the rate of slow progression from latent to active TB infection as ν and model exogenous reinfection via frequency-dependent transmission. We assume that previous latent infection provides protection against exogenous reinfection [9] and thus multiply the transmission term by a factor θ 1 ≤ 1. Again, only a proportion, p, of such cases will undergo fast progression.
The model allows for vaccination to confer protection via three methods: by preventing initial infection (q 1 ), by reducing the probability of fast progression to active TB (q 2 ), and by reducing the rate of slow progression from latent to active TB (q 3 ). We refer to q 1 , q 2 , and q 3 as efficacies of the vaccine and have that 0 ≤ q 1 , q 2 , q 3 ≤ 1, where q i = 1 denotes perfect protection. To incorporate these protective effects, we multiply the rate of transmission, the probability of fast progression, and the rate of slow progression by 1 − q 1 , 1 − q 2 , and 1 − q 3 , respectively. When thinking of vaccination, the protection described by q 1 is usually the first which comes to mind. However, there is evidence that BCG protects against progression to active TB (q 2 , q 3 ) as well [10] and that this may even be the principal mode of protection [11] . It is believed that BCG confers no additional protection against exogenous reinfection beyond preventing initial infection [10] .
To formalize the trade off between vaccination and detection of latent TB, we make the pessimistic assumption that latent infection in vaccinated individuals is completely undetectable and hence untreatable. This assumption is almost surely overly pessimistic as evidence suggests that tuberculin reactivity wanes in individuals vaccinated as infants [12, 13] and that tuberculin skin testing can still be a useful tool for BCG-vaccinated individuals [14] [15] [16] [17] [18] [19] . While still quite expensive and not widely used, diagnostic tools known as interferon-gamma release assays (IGRAs) that are not confounded by previous BCG vaccination are becoming available [20] [21] [22] . The reason for taking such a pessimistic stance on BCG is grounded in the current trend of countries moving away from universal vaccination. Hence, recommendations against the prevailing trend should only be made if they stand up to the strictest assumptions against BCG.
We assume that latently infected individuals who are not vaccinated are detected and successfully treated at a rate τ and hence move to the recovered class. The value of τ is prescribed so that a proportion, r, of latent infections are detected and treated successfully before progression to active disease or death. This reduces to having τ = r 1−r (µ + ν) . The proportion, r, is favored as a model parameter as opposed to rate, τ , because of its intuitive definition and consistency with the corresponding treatment indicators for active disease. As reliable estimates do not exist for detection and treatment of LTBI, we aggregate them into one indicator r.
For active disease, we separate the aspects of detection and treatment success into separate parameters d and s, respectively, in order to preserve consistency with disease indicators reported in the World Health Organization's Global TB Database [4] . We assume that a proportion, d, of all new cases of active TB are detected and hence treated. To achieve reasonable durations of active infection, existing cases of active disease are detected at a rate of d/2. Individuals complete treatment at a rate of γ 1 where a proportion, s, have successfully cured the patient. The remaining individuals move to the untreated class. We assume a disease-induced death rate of µ T that only affects those with untreated active TB and that, left untreated, the disease clears naturally at a rate of γ 2 . Lastly, we assume that reinfection is possible for individuals who have recovered from active TB. While it is biologically plausible that partial protection would be conferred, there is evidence suggesting that previous active disease may actually increase susceptibility to future TB infection [23] . Hence, we allow for reinfection of recovered individuals which is scaled by a factor θ 2 (θ 2 < 1 represents protection and θ 2 > 1 increased susceptibility).
In many countries of Western Europe and North America, immigration plays a key role in the dynamics of tuberculosis. In the United States for example, foreign-born individuals accounted for 58% of all new TB cases reported in 2007 [24] . While omitted in Figure 1 for clarity, immigration is included in the mathematical model by allowing for the flow of individuals into the S, E, V and E V classes (i.e. we assume that actively infected and recovered individuals are prevented from immigrating). For further description of the model see [25] .
With the rates of movement between classes established, one can easily write down the system of differential equations that formalizes our mathematical model:
where I = I T + I T c is the total number of actively infected individuals, N is the size of the total population and τ = r 1−r (ν + µ).
Calibration to real data
For each of the eight countries, the model is able to simultaneously achieve a good fit to the WHOreported rates for both incidence and prevalence of active TB (see Figure 2) . Mathematically, this is not surprising as the numerous model parameters provide many degrees of freedom with which to match a limited number of data points. However, the method used to calibrate the model to data was specifically designed to buffer this fact.
To begin, estimates for several model parameters were derived from the literature and universally fixed throughout the study (See Table 1 ). A few elementary observations are helpful along these lines. If individuals leave a compartment with some rate x, then the amount of time an average individual spends in the compartment is exponentially distributed with a mean of 1/x. For example, the natural mortality rate µ can be easily approximated because 1/µ is the average life expectancy. The connection to exponential distributions also allows us to approximate ν. In this case, latent infections progress slowly to active TB at a rate ν whereas natural mortality occurs at a rate µ. Given that the probability of progressing to active disease before death is given by ν ν+µ , estimates of this probability and the natural mortality rate provide a quick estimate for ν. The same relationship is used to relate the treatment rate of LTBI (τ ) to the proportion of latently infected individuals who are detected and successfully treated before progression to active disease or death. Without exogenous reinfection, the probability is given by τ τ +µ+ν . Setting this equal to r, we find that the appropriate treatment rate is τ = r 1−r (ν + µ). Demographic parameters were derived using data from [6] . Estimates for average life expectancy give immediate values for the mortality parameter µ. To obtain an estimate for the recruitment parameter π, we use the equation for the total population size, N. Note that, in the absence of TB-induced mortality, N ′ = π − µN , which has solution N (t) = π/µ + (N 0 − π/µ)e −µt , where N 0 denotes the initial population size. Using estimated values for µ and N 0 , we find the value of π that results in the statistical best fit to the reported data. For immigration parameter α, we use data for total births and net migration from [6] in order to find the percentage of total recruitment due to immigration. See Table 2 for the resulting estimates. With several model parameters now fixed, there are significantly fewer degrees of freedom to calibrate the model to data. Table 1 . Parameter values and distributions used for all countries in the study. Parameters with one value are fixed and used in all simulations. Parameters with only a minimum and maximum value are sampled using uniform distributions. Parameters with a minimum, mode and maximum value are sampled using triangular distributions.
a Estimates of the probability of progression to active infection within a few years (i.e. primary disease) range from 5-10% [9] . We assume 5% as our system models fast progression immediately after initial infection.
b [20, [26] [27] [28] ] estimate a 5-10% lifetime risk of an infected individual developing active TB. ω is chosen so that the probability of reactivation before death (i.e. ν ν+µ ) is 0.05, assuming an average life expectancy of 70 years. Given a 5% chance of fast progression and a 5% chance of slow progression, the overall lifetime risk of developing active TB is slightly less than 10%.
c TB treatments last 6 to 12 months, but patient is noninfectious after a few weeks. We assume 4 weeks of infectiousness on average to account for a short period before detection.
d µT = 0.32 is used for Ghana. Due to HIV/TB co-infection, it is quite reasonable to assume a larger mortality rate for TB in Ghana. Table 2 . Country-specific initial conditions, parameter values and probability density functions. 1/µ = average life expectancy (years), π = overall recruitment rate (millions of people/year), α = proportion of recruitment due to immigration, LTBI = proportion of the initial population with LTBI, d = detection rate for active TB, s = treatment success rate for active TB, c = vaccination coverage, β = transmission coefficient, r = proportion of LTBI detected and treated successfully. Ranges indicate that a parameter was sampled from a uniform distribution on the particular range. a Derived by fitting population curve to data from [6] . 
Initial conditions
While initial disease prevalence is dictated by real data, the majority of initial conditions for the model are unknown. This includes the initial proportions of the population that are susceptible, latently infected or recovered as well as the proportions of each that are vaccinated versus unvaccinated. Even for the initial amount of active disease, we must decide the proportion to assign to the treated and untreated classes.
To identify reasonable initial conditions, the model was studied using biologically reasonable parameter distributions. In general, initial conditions were sought that appeared to be near equilibrium with the motivation being that values that are consistent with real data should not display drastic variations in the initial years of simulation. It was observed that the model's dynamics were largely insensitive to initial conditions with the exception of the initial proportion of the population with latent infection. For this reason, the initial amount of latent infection in the population was included as a variable in the formal calibration procedure.
Calibration process
The main tool in our fitting process is what we refer to as an "adaptive simulation." An adaptive simulation allows us to compare the dynamics of our mathematical model with country-specific tuberculosis data reported by WHO (see Tables A2 and A1 ). Each simulation begins by using the WHO-reported prevalence as the initial amount of total active tuberculosis in the population. The simulation progresses by using the year-specific detection and treatment rates (Table A2) for active TB reported by WHO for each calendar year in the simulation. The resulting dynamics from the simulation can then be compared with the reported incidence and prevalence of active TB for the given country (see Table A1 ). For each country, the process begins by using Latin Hypercube Sampling (LHS) to sample model parameters from wide, yet biologically reasonable, ranges with the goal of narrowing these ranges to those that are most consistent with reported data. Using WHO-reported detection and treatment rates for active TB (d and s), an adaptive simulation was conducted for each of 5000 parameter samplings. For each simulation, the error between simulated and reported values of disease incidence and prevalence was recorded. Error was calculated by squaring the difference between simulated and reported values for both prevalence and incidence and summing over all years in the simulation. Boxplots were constructed of this error for each parameter value. An appropriate range was then established for the parameter which exhibited the clearest influence on observed error. With this parameter restricted, a new sampling via LHS was conducted and the next most influential parameter was found. This iterative process is illustrated for the United States in Figures A1-A4. It is important to note that this process does not aim to find the parameter values which achieve a "best fit" to real data, but rather the parameter ranges and values most consistent with real data. We believe this approach to be more informative as our model contains many parameters for which reliable estimates do not exist.
Once the process is complete, 1000 random samples of parameters are taken from the restricted parameter ranges. Simulations of the parameter samples which result in the smallest observed error for each country are depicted in Figure 2 .
Insights from the calibration process
Beyond calibration, several insights into tuberculosis dynamics were gained from this process. One of the most striking is the epidemiological uniqueness of TB in Romania. Even when considering the full range of biologically feasible parameter values, the model performed poorly in reproducing reported data. However, a modified version of the model in which untreated active TB is detected at a rate of d/5 rather than d/2 (i.e. flow from I T c to I T is d/5) performed admirably. This seems to indicate an inconsistency in TB data which is confirmed by the fact that Romania's reported detection and treatment rates for active TB (d and s) are more consistent with those of countries with low TB burden, yet Romania's TB burden remains quite high (see Tables A2 and A1 ).
The iterative process of determining which parameters are most influential in allowing the model to match data also provides key insight (see Table 3 ). One pattern which emerges involves the importance of the initial proportion of the population with LTBI. We can see that LTBI is a more dominant factor in low incidence countries (Germany, UK, US) as it was initially the variable which most influenced observed error and is refined several times throughout the process. For higher incidence countries, LTBI is not considered until later phases. Conversely, the factor of susceptibility to exogenous reinfection, θ 1 , is much more influential in the high incidence setting. As one would expect, we see that the vaccine efficacies are, in general, more prominent in high incidence countries. However, the efficacy of vaccination in preventing slow progression to active TB (q 3 ) is quite important in low incidence countries. This results from the fact that immigrants, typically from countries that mass vaccinate, play a large role in the TB dynamics of their new country.
In general, the model exhibits a good fit with data for the eight countries in our study (see Figure 2 ). As we might expect with a compartmental ODE model, the fits for high incidence countries tend to be better than those of low incidence countries. This is due to the fact that the mathematical formulation of our model assumes homogeneity among individuals, an assumption which is much more restrictive in the low incidence setting where individuality and spatiality may play a much larger role. The fit for Germany (see Figure 2 ) is the most unsatisfactory in the study. However, this may be attributed to the fact that reported treatment success rates (s in Table A2 ) are considerably lower for the first three years of simulation than the remainder. This change has a noticeable impact on the adaptive simulation, but such an impact is not observed in the reported incidence and prevalence. Although the fit for India is admirable, an oddity in the reported data is worth mentioning. The prevalence of active TB in India has decreased over the decade from 1995 to 2005 from 533 to 299 per 100000 population, but the incidence for every year in this period has been 168 per 100000 population (see Table A1 ). Beyond being completely improbable, this anomaly may have contributed to the fact that the transmission coefficient, β, which resulted from the calibration process for India, is more consistent with those of low incidence countries (see Table 3 ).
Another issue worth mentioning is that all of the parameters which dictate the length of active infection (i.e. µ, µ T , γ 1 , γ 2 , d and s) have either been previously fixed or are prescribed during the course of an adaptive simulation. Hence, the calibration process has no capacity to manipulate this quantity. Following [35] , one method of estimating the average duration of an active infection is to divide disease prevalence by disease incidence. Remarkably, many of our adaptive simulations approximate this ratio well despite the inability of the calibration process to adjust this quantity.
Lastly, the resulting estimates for the initial proportion of the population with LTBI and the transmission coefficient β should be examined more closely. These are the main products of our fitting process as all other parameters are sampled from ranges determined by biological intuition or the tuberculosis literature in our numerical investigations. Hence, it is appropriate to compare the estimates which emerged from our calibration process with the limited existing estimates. Under the formulation of the model, β gives the average number of people per year that an actively infected individual will infect in a completely susceptible population. The World Health Organization states that an actively infected individual will infect between 10 and 15 people per year on average if left untreated [36] . In Table 3 , we see that the restricted ranges for β are consistent with this assertion. In [35] , the TB burden of the 22 highest-incidence countries are estimated, including the prevalence of LTBI. Both Brazil and India are included in this study. The estimates for LTBI are considerably lower than those reached in our calibration process (25% versus 42% for Brazil and 44% versus 62% for India). The estimate for LTBI in the United States of 7.4% is also higher than the 4.2% LTBI prevalence estimated in [37] .
When is vaccination the best policy?
In studying the tradeoff between vaccination and detection/treatment of LTBI, we hope to gain an understanding of when the discontinuation of mass vaccination with BCG is or is not justified. Here, we determine the rates of LTBI treatment necessary to prevent as many cases of active TB as mass vaccination with BCG. For illustration, we let each vaccine efficacy and detection/treatment range from 0-100% and compare the cumulative number of new active TB infections for scenarios with vaccination of 98% and 0% of newborns. Figure 3 shows the results of this experiment with blue dots (red boxes) indicating points in which vaccination results in a lower (higher) cumulative incidence of active TB.
It is apparent that over 20 years mass vaccination will very likely be beneficial for any country as seen in the large ratio of blue dots to red squares. Another pattern that emerges and is illustrated in Figure 3 , is that countries with higher TB burden (i.e. Brazil, Ghana, India, Mexico, Romania) have a larger proportion of sample parameters in which mass vaccination is the better policy (more blue dots than low incidence countries), while low burden countries (i.e. Germany, UK, US) have a larger proportion of samples in which not vaccinating results in fewer cases of active TB (more red boxes than high incidence countries). This relationship is in good agreement with the WHO recommendation of universal vaccination for high incidence countries. To reinforce the observation, we note that the sampling of LTBI detection/treatment rates from values of 0-100% was done for illustration, whereas realistic will be significantly smaller in high incidence countries than those in low incidence ones.
In general, the following relationship emerges for low incidences countries (see Figure 3) : assuming vaccination protected against initial infection only, replacing a mass vaccination policy by a no vaccination policy will result in increased TB incidence unless a country is able to detect and treat a proportion of the latently infected class that is approximately equal to twice the vaccine's efficacy; for a vaccine protecting against slow progression only, LTBI must be detected and treated on a proportion about equal to the vaccine's efficacy in order for vaccine discontinuation to lead to reduced TB levels; when the vaccine prevents against fast progression to active TB, the threshold lies between the previous two.
Further examination shows that reinfection is responsible for the differences between low and high incidence countries. As treatment of LTBI moves individuals into the recovered class, they become exposed to reinfection. Hence, larger reinfection rates after recovery will render treatment of LTBI less effective at reducing TB incidence. On the other hand, vaccination provides no direct protection against exogenous reinfection whereas treatment of LTBI can eliminate the chance of exogenous reinfection for some individuals.
In Figure 4 , we see the effect of omitting exogenous reinfection and reinfection after recovery. Comparing the graphs for the US, UK and Germany in Figures 3 and 4 , we see that low levels of active disease render reinfection insignificant in these low burden settings. While omitting both forms of reinfection is not indicative of reality, the fact that doing so produces thresholds for low and high incidence countries that agree quite closely (see Figure 4) shows that reinfection is the driving force behind the differences between low and high incidence countries. 
Comparison between numerical study and theoretical thresholds
Using stability analysis of the disease-free equilibrium and the basic reproductive number, analytic thresholds are established in [25] that dictate the proper vaccination policy for a society at the brink of eradicating tuberculosis. The basic reproductive number gives the average number of secondary infections caused by a single infectious individual introduced into a completely susceptible society. When each mode of protection conferred by vaccination is considered separately, the resulting thresholds are
For example, if a country is only able to detect and successfully treat LTBI at a rate below r * q1 , then vaccination with an efficacy of q 1 at preventing initial infection will result in a smaller basic reproductive number. Hence, r < r * implies that vaccination is the better policy for the given society. If r > r * , the society will be better served by not vaccinating and taking full advantage of its capacity to detect and treat LTBI.
In Figure 5 , we compare the analytic thresholds with the results obtained from our numerical study. We emphasize that the analytic thresholds where obtained via the basic reproductive number, which considers the situation of one infected individual introduced into a completely susceptible population. Clearly, this assumption is not applicable to even the lowest incidence countries in the numerical study. Regardless, the behavior of the system with current TB indicators displays considerable agreement with the analytic thresholds (especially q 1 and q 3 ) when exogenous reinfection is neglected.
How much better would one vaccination policy be?
So far we have only investigated the parameter regions in which a policy of universal vaccination with BCG will or will not result in fewer cases of active TB than a policy emphasizing the ability to detect and treat LTBI. Clearly this is insufficient in the public policy arena as a program which requires the vaccination of countless individuals in order to save a handful of disease cases would never be prudent. To quantify the difference between policy alternatives, we now calculate the proportion of cases prevented by BCG by subtracting the total incidence of active TB with vaccination from the total incidence of active TB without vaccination and dividing the quantity by the total incidence without vaccination. We stress that the proportion of cases prevented could be negative under this definition if treatment of LTBI outperforms vaccination. For this exercise, BCG and efficacies and detection/treatment rates vary through the realistic ranges of Table 1 (i.e. overall BCG efficacy of 0-88%, detection/treatment of LTBI 0-30% and 10-40% for high and low incidence countries, respectively).
The ranges of 0-30% and 10-40% for the detection/treatment rate of LTBI are based on the intuition that these rates should be substantially smaller than their counterparts for active TB (i.e. r < ds). In a recent large-scale study in the United States, it was found that only 25.5% of individuals with LTBI had been diagnosed and that only 13.2% had been prescribed treatment [37] . Treatment for this symptomless condition is lengthy (usually 6-12 months) and often not finished by those who initiate it. In [38] , the authors use estimates of 30-64% and 69-93% for the percentages of treatments that are completed and the efficacy of treatment when completed, respectively. This gives a net efficacy for treatment of LTBI (including adherence and effectiveness) of about 20-60%. Hence, it is quite likely that our estimates may be overly generous recalling that our treatment rate, r, represents the proportion of latent infections that are detected and successfully treated (i.e. r ≈ 13.2% * (20 − 60%) = 2.6 − 7.9%).
The simulations take the current vaccination policy of a country into account. For instance, the United States currently does not vaccinate, so the initial population contains only a small number of vaccinated individuals that represent mostly immigrants with previous vaccination. The country-specific relationship between the overall efficacy of BCG (i.e. 1 − (1 − q 1 )(1 − q 2 )(1 − q 4 )) and the cumulative proportion of active TB cases prevented by vaccination after 50 years is shown in Figure 6 . In accordance with prevailing views, our model illustrates that mass vaccination in low incidence countries results in proportionally fewer preventions than in high incidence countries (median preventions of 3.3 − 4.3% versus 16.3 − 44.5% after 50 years). More importantly, mass vaccination resulted in lower TB incidence than treatment of LTBI in all of the 2000 parameter samplings carried out for each of the eight countries. As the range of treatment rates for LTBI may even be optimistic, we can conclude that it is very unlikely that treatment of LTBI would outperform mass vaccination in any setting.
In Figure 6 , we notice the dramatic preventive effect of vaccination in Ghana despite the fact that the sampled detection/treatment rates of LTBI (0-30%) are actually quite similar to their counterparts for active infection (8-25%, see Table 2 ) and hence are most likely large overestimates. This demonstrates the positive impact of a largely imperfect vaccine in a high incidence setting. In fact, rates of detection and treatment of LTBI in many resource-poor settings may be low enough that there really is no tradeoff for BCG vaccination in terms of LTBI detection. In such settings, the main issue is whether BCG provides enough protection to justify its widespread use. As our modeling has incorporated strict assumptions against BCG and optimistic assumptions for LTBI detection in the absence of BCG, it only provides a low estimate for the preventive capacity of BCG in such high incidence, low resource settings.
When is mass vaccination justified?
To provide insight into the economic costs of policy shifts regarding BCG, we examine the efficiency of vaccination by tracking the number of vaccinations per prevented case of active TB. Initially, this indicator is very large as time is needed for protection to build in the population. As time progresses, the number of vaccinations per prevention steadily decreases and eventually stabilizes. Table 4 shows the distribution after 50 years to balance the need to include long-term behavior with the realization that conditions will change substantially over the course of decades.
As would be expected, the simulations show that the efficiency of BCG vaccination in preventing cases of active TB is significantly reduced in countries of low TB burden. In general, the number of vaccinations necessary to prevent one case of active TB appears to be two orders of magnitude larger for low incidence countries than for most high incidence countries. Estimating the number of vaccinations required per active infection prevented is a first step in assessing both financial and non-financial costs associated with vaccination. For example, the WHO has recently revised its guidelines regarding BCG to indicate that HIV infected children (regardless of symptoms) should not be immunized with BCG due to increased risk of disseminated BCG disease [39, 40] . Unfortunately, implementation of this policy change may be difficult given the lack of HIV testing in children in many countries with high HIV burdens. To quantify the ramifications of this adverse effect of BCG, one could make setting-specific estimates of the number of TB cases prevented per case of disseminated BCG disease caused by BCG vaccination using the number of BCG vaccinations per case of active TB prevented, increased risk of disseminated BCG disease [40] , antenatal HIV prevalence and vertical transmission rate.
Discussion
In this article, we have considered a mathematical model for the epidemiology of tuberculosis in order to study the trade-off that exists between the benefits of vaccination and the ability to detect and treat LTBI. The model includes vaccination, treatment of LTBI, treatment of active TB, and immigration and makes the strict assumption that vaccination with BCG renders LTBI undetectable.
Thresholds of vaccine efficacy and LTBI treatment rates were established that indicate when mass vaccination results in a reduction of tuberculosis incidence. Each mode of protection was considered separately. Assuming vaccination protected against initial infection only, replacing a mass vaccination policy by a no vaccination policy will result in increased TB incidence unless a country is able to detect and treat a proportion of the latently infected class that is approximately equal to twice the vaccine's efficacy. For a vaccine protecting against slow progression only, LTBI must be detected and treated in a proportion about equal to the vaccine's efficacy in order for vaccine discontinuation to lead to reduced TB levels. When the vaccine prevents against fast progression to active TB, the threshold lies between the previous two.
Moving to quantify the impact of a country's vaccination policy choice, the percentage of new cases of active TB prevented as a function of overall vaccine efficacy was observed. Given that vaccination outperformed detection/treatment of LTBI in all of the 2000 parameter sampling carried out for each country, we are able to conclude that it is highly unlikely that mass vaccination would ever result in increased TB incidence for any country, including those with low TB burden. This is in spite of the model's strict assumptions against BCG and optimistic assumptions regarding detection and treatment of LTBI. This conclusion suggests that the public health choice between a policy of mass vaccination and one of no vaccination in low burden countries is not really made on the basis of epidemiological considerations but rather on political/economic grounds.
To further consider whether mass vaccination is justifiable in low incidence countries, the number of vaccinations per case of active TB prevented was observed. Our results indicate that vaccination would be much less efficient in a low incidence setting than in a high incidence one. While we must be careful to not overestimate the quantitative and predictive ability of such simulation over a 50-year period, the general pattern of thousands of vaccinations per prevention in low incidence countries versus dozens in high incidence countries is noteworthy.
A discussion of whether the thousands of vaccinations needed per prevention in low incidence countries actually does or does not justify the lack of a mass vaccination policy should be based on social and economic considerations that are beyond the scope of this work. However, it seems that the continued emergence of drug-resistant and multi-drug resistant TB should only increase the number of vaccinations per prevention that would be considered acceptable for at least two important reasons. First, drug resistance renders treatment of tuberculosis a much more complicated and expensive process. Perhaps more importantly though, incomplete treatment is a major source of drug resistance and, hence, any measure that focuses on prevention rather than treatment should be considered more favorable from this perspective. What is clear from this work is that the policy choice regarding mass vaccination is much more about reinfection (both exogenous and in recovered individuals) than it is about BCG's interference with the detection of LTBI, despite this interference's prominent role in the BCG policy statements of many countries.
In the present time of economic strain, results like those found in this study beckon governments to conduct comprehensive studies that realistically assess the likely impact of their policies before implementing them. It appears that β has the clearest influence on error. The range of [9, 12] seems to correspond to the smallest average errors. Hence, β is restricted to this range in the next sampling (Phase 2). Figure A5 . Phase 4: It appears that β once again has the clearest influence on error. As β is already quite restricted, we now fix β at 11.3 so that we may continue the calibration process in Phase 5. .50] seems to correspond to the smallest average errors. Hence, r is restricted to this range in the next sampling (Phase 6). Although this calibration process is continued through ten phases, we omit the remaining phases of this process for brevity and summarize the findings of this analysis in Table 3 . 
